Abstract: Studies have shown that inverse proteins are relatively abundant. In this work, we investigate the proposition that the repeat patterns they share with protein sequences explain this phenomenon. Using a new artificial set of peptide sequences which also display these features and a random set, we show that the presence of repeats contributes to protein sequence similarity. Further analysis confirms that most inverse proteins exhibit repeats. Therefore, we suggest the relative abundance of inverse proteins can be explained by the fact they display the same repeat structures and amino acid propensity of existing proteins.
INTRODUCTION
Driven by applications such as drug design, the extraction of biologically relevant features from protein sequences has become an essential task of bioinformatics. Methodologies have been developed to predict from sequence alone essential protein attributes including their secondary and 3D structures [1, 2] , subcellular location [3, 4] , interaction partners [5] , folding process [6] and functional annotation [7, 8] . Moreover, many web-servers are available providing user-friendly tools for in-silico analysis of proteins [9] . This paper investigates why inverse proteins are relatively abundant in order to gain valuable insight into protein sequence properties.
Many studies have focused on peptide chains created by inversing protein sequences * . These sequences are known as either 'inverse' or 'reverse' sequences [11, 12, 13] . Initially, it was assumed that, since amino acids share the same neighbours in a sequence and its inverse, they would fold into similar 3D structures. Early analysis of structural similarity discovered a few cases where the inverse protein had a mirrored protein structure [11] . However, a more comprehensive study established there is no correlation between the structures of a protein and its inverse [12] . Consequently, authors suggested inversion of protein sequences could be used to produce artificial sequences with similar amino acid propensity to real sequences, but folding like random proteins. On the other hand, inverse sequences are more common in nature than one would expect by chance [13] . Therefore, they must display some characteristics that are not present in random sequences. However, to date, the relative abundance of inverse proteins remains unexplained.
Another line of research has focused on sequence repeats [14] . Andrade et al. have highlighted the importance of duplication in protein evolution [15] . In particular, the study of the evolution of multi-domain proteins revealed that around 30% of them evolved through repetitions [16] . Moreover, it was shown around 35% of long structural repeats display a 2-fold symmetry that corresponds to a homodimer configuration [17] . Furthermore, experimental work discovered that creation of repetitions within a random sequence tends to produce more proteins with secondary structures than random sequences [18] . This led to the suggestion that repetition could be a process allowing the generation of De novo proteins.
In this work, we investigate the proposition that inverse peptide chains are more common than random ones mainly because they display periodicity and repeat patterns present in protein sequences. First, we have created a new artificial reference set of peptide sequences -'opproteins' -which also shares these features without preservation of either amino acid composition or neighbourhood as in the case of inverse peptide chains. Then, after querying protein sequence database for similarity, we compared results with those obtained with inverse and random sets.
MATERIALS AND METHODS

New artificial peptide sequences: opproteins
In order to test the hypothesis that the abundance of inverse proteins can be explained by the fact that inversion preserves repetition properties of a protein sequence, we needed to design a new artificial peptide dataset sharing this feature. This can be achieved by taking a representative sample of known proteins and applying a global operation where each given amino acid is replaced by a different one. However, since substitution of a residue by another tends to be neutral if they share similar properties, a scheme where replacements were random could lead to the creations of peptides which could still be aligned with their proteins of references. To prevent this and prove that repetition instead of amino acid environment is the main explanation behind the abundance of inverse proteins, we propose to generate a set of peptide sequences sharing repeat patterns with reference proteins, but displaying very different amino acid environments.
We introduce the concept of 'opprotein': an 'opprotein' is the peptide chain which is the most unlike a given protein sequence, i.e. its opposite. More specifically, the opposite of a protein sequence, P, or 'opprotein', P, is defined as the amino acid sequence where each residue of P is replaced by an amino acid with the most opposite physico-chemical properties as defined by a given substitution matrix. However, since a few amino acids such as tryptophan, proline and aspartic acid are the most opposite to several others, a simple substitution of each residue by the most different would not produce a sequence composed of 20 different amino acids. In order to ensure that each residue is replaced by a different one, an optimisation algorithm was used to produce the optimal substitution table in term of replacing the 20 amino acids by their opposites.
Generation of opproteins
The optimisation task that needs to be performed is defined as producing the optimal opposite list of pairs of amino acids using a given substitution matrix as a cost function quantifying the oppositeness between all pairs of residues. In this work, the popular BLOSUM62 matrix was used [19] , e.g. it is the default matrix in BLAST [20] , but any substitution matrix would be equally suitable.
This cost minimization problem corresponds to a typical assignment problem, which was solved by Kuhn in 1955 using the Hungarian algorithm [21] . It is important to note that, in term of oppositeness cost, a substitution matrix is not symmetrical: although the substitution cost between A and B equal the cost between B and A, the most opposite residue of A may be B, whereas the most opposite residue of B could be C. For example, according to BLOSUM62, tryptophan is the amino acid which is the most different from serine with a value of -3, while asparagines, proline and aspartic acid are the most different from tryptophan with a value of -4. In this case, serine is only ranked 4 th in tryptophan's list of most different amino acids. Table 1 shows the amino acid substitution table generated from BLOSUM62 using the Hungarian algorithm.
For each substitution the ranking of the substitute is also provided. 12 substitutions are symmetric and the average ranking of the chosen amino acid in the list of most different amino acids is 2.05. Table 1 . Amino acid substitution table generated from BLOSUM62 -symmetric substitutions are shown in bold.
Since all substitutions are not symmetric, the opposite of the opprotein of P, P, is not P: P≠P. However, as illustrated in the following alignments, P=P, and P and P are very similar. Experiment using PAM250 [22] instead of BLOSUM62 also shows that P=P.
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Datasets
Datasets used for this study consist of a set of representative protein sequences, its conversions to opproteins and inverse sequences, and a set of random peptide sequences. Representative protein sequences were extracted from the PDB [23] on 16 th July 2009 using the advanced search option of RCSB PDB [24] selecting entries containing only 1-chain proteins of at least 100 amino acids and trimmed so that no single pair of proteins has sequence identity higher than 30%. 5489 sequences were returned with an average length of 263 residues. We call this reference set PDB30.
In order to produce opproteins and inverse sequences, we created a Java applet [25] which reads a file containing protein sequences and converts them into either inverse proteins or opproteins using the Hungarian algorithm [21] and a specified substitution matrix. The set of opproteins, PDB30, was generated using PDB30 as the input file and BLOSUM62 [19] . Similarly, the set of inverse sequences, invPDB30, was created by inversing all sequences of PDB30.
Finally, a set of random peptide chains, ran5489, was generated using a random sequence generator which allocates the same propensity to all residues [26] . This set is composed of 5489 sequences of length 263 residues so that it can be compared with the other artificial sets derived from PDB30. Figure 1 shows the average amino acid propensities found in the three artificial datasets and PDB30 which is used as reference (by definition PDB30 and invPDB30 have identical amino acid propensities). The figure reveals that the residue composition of opproteins is particularly unnature-like. 
Methodology
Sequences of the three artificial datasets, i.e. invPDB30, PDB30 and ran5489, were analysed to establish if they show similarity to existing proteins. Each sequence was processed by BLASTP 2.2.20 using standard parameters against their non-redundant protein database downloaded on 17 th July 2009 (9,298,190 entries) [27] . Then, among the retrieved protein sequences the lowest E-value, if any, was extracted.
RESULTS AND DISCUSSION
Amino acid environment of opproteins
In order to illustrate that the amino acid environment of opproteins in PDB30 can be significantly different from those found in PDB30, invPDB30 and ran5489, we looked for the presence of amino acid sequences which have never been found in any protein chain (including inversed chains), or 'nullomers' [28] . It has been hypothesised they are signatures of natural selection against deleterious sequences [28, 29] , but their significance is still under investigation [30] . According to Hampikian et al.'s web site [31] , as in October 2009, 38 absent length-5 amino acid sequences have been identified as nullomers [28] . Assuming that each sequence of 5 residues is equiprobable, the number of nullomers which are expected to be found in a random dataset of 5489 peptide sequences of length 263 can be calculated using the binomial distribution to represent their discrete probability distribution. In a random dataset, the expected number of hits is 16.9 with a standard deviation, σ, of 4.1.
Scanning of ran5489 reveals the presence of 16 nullomers, which confirms its randomness. 37 nullomers were found in PDB30. This demonstrates that opproteins display amino acid environments which cannot be found in nature. Moreover, since a distance of 4.9 σ from the expected value is highly significant, this proves that opproteins are not random proteins.
Abundance of inverse proteins
Following the processing of the artificial peptide sets by BLASTP, we extracted the E-value of the first hit for each sequence. Figure 2 is a plot of these first hit E-values after clustering them into different bins: each bin accumulates values between consecutive powers of 10, i.e. bin -i contains E-values ranging from 1x10 -i-1 to 1x10 -1 excluded. The last bin, called '1+', contains all sequences which did not receive any hit with an E-value smaller than 1x10 1 . Consequently, for each test set, the sum of all hits recorded on the graph is equal to 5489, i.e. the number of sequences per set. In datasets of size 5489, according to standard E-value calculations [32] , one would theoretically expect in our experiments 5 and 50 random hits, respectively, in bin '-3' and '-2'. In practice, our results are more conservative since the first 14 hits of the random set appear in bin '-2'. Consequently, in our analysis we will consider that hits with an E-value<1x10 -3 are significant.
With 19 significant hits in invPDB30, Figure 2 confirms results of previous studies [13] : inverse sequences are much more protein-like than random sequences. When E-value>1x10 -3 , the opprotein hit profile is generally close to the random sequence one. However, Figure 2 also reveals that, in 5 instances, there is a very high similarity between opproteins of PDB30 and a real protein. Remarkably, 4 protein sequences produced both inverse and opproteins in this list, Table 2 . In view of these results, one may suggest that opproteins share some properties with inverse and real sequences, which are not found in random sequences. Initial investigation of significant hits revealed that 3 inverse sequences match the chain 1C94|A, which was artificially engineered to study the inverse structure of gcn4 leucine zipper [33] . Therefore, they were excluded from further analysis. The remaining sequences were then processed by Swelfe v1.0 [17] using default parameters to detect significant internal repeats (p-value < 0.01). Information related to the presence of repeats was also extracted from publications associated with the proteins of interest. These data are shown in Table 2 . Table 2 . List of proteins whose either inverse or opposite sequence has shown some significant similarity to a protein sequence, associated E-values and overlaps with the first hit and numbers of significant hits, Swelfe scores and repeat related features.
PDB code
Length [17] . Moreover, proteins without repeats tend to produce either inverse sequences or opproteins with lower E-values and only receive one single significant hit. Literature information also confirms the presence of repeats or repeating structural elements, i.e. beta-barrel, beta propeller and duplicated folds, in most cases.
In order to illustrate the effect of repeats on inverse and opprotein sequences, we present a detailed analysis of HetL (PDB ID code 3DU1:X), a protein involved in regulation of heterocyst differentiation [34] . Figure 3 a ) and c) highlight, respectively, the pentapeptide repeat which composes its sequence and the associated structural repetitions. Multiple alignment of all these pentapeptides allows the generation of a well conserved pattern as represented by its consensus logo [35] , Figure 3 b ). Figure 3 . Periodicity of the 3DU1:X protein: a) sequence (amino acids belonging to the initial alpha helix are in italic, those starting a beta turn are in bold), b) consensus logo and c) 3D structure
Since inverse and opprotein sequences conserve repetition patterns, in this instance, they can also be described by a 5-residue long consensus logo, Figure 4 a) and b) respectively. Figure 4 c ), e), g), i) and k) display the 5-residue long descriptors associated with the first 5 significant hits of the inverse sequence of 3DU1:X. The logos reveal that the first 3 hits contain extremely well conserved pentapeptides forming more than 50% of these protein sequences. The 2 other hits involve proteins with a repeat pattern of 10 residues, which only covers 10% of their long sequences. Individual alignments of those consensus logos with the descriptor of the inverse of 3DU1:X demonstrate why this inverse sequence obtains hits with such low E-values: up to 4 of the consensus positions describing the hit proteins match the logo of the inverse sequence. Similarly, Figure 4 d ), f), h), j) and l) present the consensus logos of the proteins which are the most similar to the opprotein of 3DU1:X. They are all made of well conserved pentapeptides where the first residue is most likely to be an aspartic acid, which is in consistent with the descriptor of the opprotein. It is interesting to note that despite their very different origins, both the inverse and the opprotein sequences are matched by the same protein (XP_002169517.1).
Discussion
In agreement with some experimental work [18] which shows the presence of repeating elements within a peptide sequence tends to make the amino acid chain more protein-like, our study suggests that repeats are the main contributor of the abundance of inverse proteins. However, since inverse proteins are more common than opproteins that share the same repeat patterns, other factors must be involved. Unlike opproteins, inverse peptide sequences have the same residue propensity as known proteins. Thus, inverse sequences are intrinsically more similar to real proteins than opproteins. Consequently, amino acid distribution must also play a part in the similarity between a peptide chain and a protein. Experiments conducted in this study cannot determine if local residue environments, which are arguably conserved in inverse sequences, also have an impact on a sequence to be protein-like. This issue could be addressed in future work, for example, by comparing results obtained by random sequences produced from an amino acid distribution against random sequences generated piecewise from short amino acid sequences extracted from real proteins.
In conclusion, we propose the relative abundance of inverse proteins can mainly be explained by the fact they display the same repeat structures and amino acid propensity of existing proteins. A consequence is that the use of inverse sequences as a negative set in experiments should be done with caution as they cannot be considered as random.
